Abstract-This paper is an investigation of the comovement in the form of return and volatility spillover across financial market participants of Bangladesh. This study uses daily price data of commercial banks, non-bank financial institutions (NBFI), and insurance companies traded in the Dhaka Stock Exchange (DSE) for the period spanning 2009 to 2016. Bayesian Vector Autoregressive (VAR) model has been used in the conditional mean equations of EGARCH and GJR-GARCH models have been used to test the return spillover effects whereas lagged squared residuals and lagged conditional variances have been used as variance regressors in conditional variance equations to test the spillover effects of historical volatility and innovations transmitting in the form of shock to other participants operating in the same market. Bayesian VAR output reveals a highly significant bi-directional return spillover between bank-insurance pair and also between NBFIs-insurance pair. However, return spillover between commercial banks and NBFIs is unidirectional; only bank returns are affecting returns from NBFIs. Conditional volatility of NBFIs exhibit a highly significant asymmetric effect implying that bad news increases volatility of NBFIs to a greater degree than good news. Both GJR-GARCH and EGARCH output reveal bidirectional volatility spillover in the form of historical volatility and innovations among commercial banks, NBFIs and insurance companies.
I. INTRODUCTION
Stock market is like a thermometer of an economy that can measure the temperature and can provide an image of a country's economic health. Since its inception, Bangladesh stock market has undergone several restructuring after experiencing severe turmoil including the stock market collapse in 1996 and in 2011 where some major players created bubble or an abnormal hike in price through syndicated trading. The bubble eventually burst when it became clear that the abnormally high level of prices are not supported by market fundamentals. As a consequence, investors lost their trust in the market, a widespread panic set Manuscript received January 19, 2017 ; revised March 20, 2017 . M. K. Arefin is with Eastern University, Dhaka, Bangladesh (e-mail: arefin.fba@easternuni.edu.bd).
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in causing a market crash and created unusually large downward spike in the volatility graph.
Although volatility is attributed as risk, it is a very vital ingredient for a healthy stock market and is important to encourage speculators to contribute to the liquidity in the market. The volatility graph of a healthy stock market is akin to an echocardiogram report of a healthy individual with no abnormal spike and no abnormal fall in there.
Globalization, free flow of capital and technological advances have given rise to highly integrated financial markets and have increased co-movement in stock prices across local and international markets. Theoretically, stock market encourages accumulation of capital and acts as a channel for efficient capital allocation. Hence, a country's stable stock market indicates stability of the economy and thus will attract investors to the country. With rapid transmission of news, disturbances in one stock can impact returns and/or volatilities of other participants in the same market and can eventually be transmitted to local and international markets. Asset pricing model states that the return of an asset depends on its own return variance or to the covariance between its return and the return on the market portfolio [1] , [2] . Thus, for effective portfolio allocation and hedging decisions, analyzing the comovement dynamics between stock market participants can be a very powerful tool.
Volatility spillover or financial shock transmission across commodities and markets of developed economies have been studied quite extensively. However, with the increased integration and comovement among the developed economies, the potential for diversification benefit is disappearing for international investors. These investors started moving to emerging economies in search of diversification benefits. Bangladesh stock market appears to be less integrated with others as it was relatively less affected by global recession in recent past. These poor integration provides enormous diversification benefits for international investors. In this study we would like to investigate comovement in the form of return and volatility spillover among financial market participants such as commercial bank sector, NBFIs, and insurance industry.
The section one of this study is the introductory part. The rest of the study is structured in six sections. The second section of the study will present an overview of related literature; section three is about preliminary data analysis. The section four provides a brief on empirical models used in this paper and continued in section five where all empirical findings have been presented. Finally, the conclusion and summarization of the findings are presented in section six.
II. LITERATURE REVIEW
Interrelationship and dynamic linkage among stock market participants inside and outside an economy have generated strong interest among researchers and policy makers, especially after the Asian crisis (1997-98) and US subprime mortgage crisis. The world has witnessed major financial crises occurring in the US and European economies and the repercussions were felt all over the world and eventually in the emerging markets. Dhaka Stock Exchange attracted global investors as it was the least affected market among the markets in emerging economies during previous global financial crises.
Diversification benefit increases with the decrease in correlation and comovement between stock market participants in a market and between markets. International investors must regularly examine the extent of integration of financial markets in the form of return and volatility spillover to manage portfolio risk. As for Dhaka Stock Exchange, the authors could locate only a handful of articles focusing on the volatility of Dhaka Stock Exchange. However, no research work on return and volatility spillover across industries of Bangladesh stock market was found.
Rayhan et al. [3] examined generalized autoregressive conditional heteroskedasticity (GARCH) properties in the monthly DSE returns series. Other researchers, such as, [4] and [5] used GARCH framework to identify the best model to forecast volatility in Dhaka Stock Exchange. Mollik and Bepari [6] used autocorrelation structure and GARCH framework in the return series of DSE general and DSE 20 index and didn't find any asymmetric or differential impact of bad news and good news on the conditional variance of DSE return series. However they observed significant effect of historical volatility on DSE return series in the form of highly significant autocorrelation. Miah and Rahman [7] used different GARCH specifications to predict volatility of DSE stock returns and observed significant ARCH presence in the form of volatility clustering and they concluded that GARCH (1, 1) is the best model in predicting volatility of DSE stock returns. Basher et al. [8] observed a statistically significant negative relationship between conditional volatility and stock returns and attributed circuit breaker as a causal factor that contributed significantly to the volatility of realized returns. Rahman et al. [9] examined a wide variety of GARCH models under different distributional assumptions, but models under student-t distributional assumptions were found to be suitable for modelling volatility of Chittagong Stock Exchange.
The strong research interest on examining market integration, and more specifically, volatility spillovers has led to the development of several models based on GARCH/ARCH and their respective extensions. A major advance in measuring volatility spillover has been allowing the current variance to depend on its own previous lags which enabled the model to include all necessary information into a much simpler and more parsimonious equation. This has enabled the ARCH and GARCH models to provide a reliable volatility measure since both the market trend and its corresponding volatility pattern are simultaneously accounted for over time [10] . However, among the available family of models, the jury is still out to sort out which model performs better in forecasting volatility.
One major issue with the GARCH models is the inbuilt symmetric response to positive and negative volatility shocks. Squaring of the lagged residuals in the conditional variance equation loses the sign and along with the loss, the separation of positive and negative shocks is lost. Since a negative shock is likely to increase the level of volatility more than a positive shock of the same magnitude, a symmetric GARCH may not account for potential leverage effects [11] . This limitation has led to the development of further extensions of the GARCH model. Nelson's [12] E-GARCH and Glosten, Jagannathan and Runkle's [13] GJR-GARCH are two popular extensions of the univariate GARCH model that address potential asymmetries.
Empirical results vary on which of these models provides the best volatility forecasts. According to research done by Liu and Hung [14] , GJR-GARCH achieves the better volatility forecasts with E-GARCH just slightly behind. On the contrary, Mukherjee and Mishra [15] found that E-GARCH was a better model compared to the T-GARCH (also referred to as GJR-GARCH) model for the SENSEX perhaps because there was considerable amount of asymmetry in the series. Kanas [16] used an E-GARCH model to evaluate the volatility spillover between the European stock markets of London, Frankfurt and Paris.
Koutmos and Booth [17] , Braun f [18] , and Kroner and Ng [19] propose an extension to Nelson's model by providing a bivariate E-GARCH model to study asymmetry in volatility transmission mechanism. This extension to the E-GARCH model had been applied to study volatility transmission in the context of the Asian financial crisis and the 2007-09 subprime mortgage crisis (see, for example, [20] , [21] and [22] among many others). Liu and Hung [14] point out that a GARCH model with normal distribution is more desirable than the more sophisticated error distribution models when asymmetries are ignored. However, they also emphasize that modelling asymmetric components is more important than specifying error distribution.
In this paper, Bayesian vector auto-regressive (VAR) model in the conditional mean equation of asymmetric E-GARCH and GJR-GARCH model have been used to predict return and volatility spillover between commercial banks, non-bank financial institutions and insurance companies of Dhaka Stock Exchange.
III. DATA
In order to analyze the diffusion of volatility or volatility spillover effects between financial market participants, we have collected daily price data of commercial banks, NBFIs and insurance companies traded in Dhaka Stock Exchange (DSE) from January, 2009 to January, 2016. Index prices have been calculated for commercial banks, NBFIs and insurance companies by taking the daily price of the selected stocks in the group and averaging them. The average prices have been converted into continuously compounded rate of
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return (R t ) by taking the first difference of the log prices, i.e.,
Initially we perform descriptive statistics analysis on the price and return series of the data. The normality test on the data has been carried out by calculating skewness, kurtosis and Jarque-Bera coefficient. Table I provides wide range of descriptive statistics for all return series. All return series exhibit loss with a very small mean (less than 0.5%). The frequency of negative returns for commercial banks for the 2009 to 2016 time series period has been found higher compared to insurance and NBFIs.
The standard deviations of returns are much greater than the means in absolute value, indicating that the means are not significantly different from zero. This is consistent with common knowledge that financial time series at this frequency usually follow a random walk. Commercial bank returns exhibit the highest volatility (4.52%), followed by NBFIs (3.98%) and insurance companies (3.22%). Skewness and kurtosis values indicate that the distributions of returns for all return series are negatively skewed and leptokurtic. These findings indicate that the distributions of all return series are typically asymmetric, and that the probability of observing large negative returns is higher than that of a normal distribution. Not surprisingly, the Jarque-Bera test statistics (JB) clearly confirm the rejection of the null hypothesis of normality for all return series. The Ljung-Box q-statistic at lag 12 and lag 24 is calculated for all return series to test whether the series are white noise or if there is any autocorrelation up to lag of order 12 and 24 and from the output we reject the null hypothesis that there is no autocorrelation up to lag 12 and lag 24 for all return series except for banking series at lag 24. 
As mentioned in Yang et al. [23] , the correlation of market returns of different stocks can be interpreted as an indicator of the comovement between these stocks. Thus, a higher positive correlation means a higher level of comovement between the stocks which implies that it is more difficult to diversify portfolio risk by investing in these different stocks. Based on the unconditional correlations in Table II , we can say that all return series are positively related to one another indicating that all the stocks have been moving in the same direction (up or down) during the sample period. Pairwise Granger causality test, presented in Table III , has been performed to get a preliminary idea about the comovement dynamics and a highly significant causal effect has been observed between all return series except that NBFIs have no effect on commercial banks. The Augmented Dickey Fuller (ADF) test and Phillips-Perron test of unit roots, presented in Table IV , are used to test stationarity of the variables to ensure that outcome of the analysis is not spurious [24] , [25] . All return series are stationary indicating that it is possible to predict a long run relationship between the variables. The graphical representation in Fig. 1 and Fig. 2 in the appendix indicates that the return series exhibits volatility clustering as periods of low volatility mingled with periods of high volatility. This is a clear sign of presence of ARCH effect in the series. 51.02*** 13.60*** *** Implies significant at 1% level. 
IV. EMPIRICAL MODELS

A. Bayesian VAR Model
In this paper, we have used Bayesian version of vector autoregression (VAR) to test return spillover among commercial banks, NBFIs, and insurance companies and we have also used VAR equations as conditional mean equation in GARCH models to test volatility spillover between these return series. Endogenous variables are considered up to two lags in the VAR based on Akaike Information Criteria. Vector autoregression is commonly used for analyzing dynamic impact of random innovations on a system of interrelated times series. The difference between Bayesian VAR (BVAR) and traditional VAR is that the model parameters are treated as random variables, and prior probabilities are assigned to them.
The parameter space of VARS proliferates with the number of dependent variables and the number of lags and according to Koop et al. [26] , this over-parameterization problem can be solved by Bayesian shrinkage through restrictions on parameter set. In this paper we have used Minnesota prior (proposed by Litterman [27] , [28] and subsequently developed by other researchers at University of Minnesota) to assign prior probabilities to random model parameter.
Conditional mean equations (Bayesian VAR model):
Threshold GARCH or GJR-GARCH model: This model was developed independently by Glosten, Jagannathan, and Runkle [13] and Zakoϊan [29] . In this model, we have used some variance regressors in the conditional variance equations to test the volatility spillover effect. In this model, a dummy variable (dt-1) is used to capture the differential impact of good news and bad news on volatility where, dt-1 = 1 if εt-1 <0 and dt-1 = 0 otherwise. If the estimated value of γ > 0 then we can conclude that the asymmetry effect or leverage effect is present and bad news (εt-1 <0) or negative shocks increases volatility more than the good news (εt-1 > 0). We have used maximum likelihood estimation method to estimate T-GARCH model and assumed that errors are normally distributed. Maximum likelihood estimation method involves in estimating the unknown parameters in such a manner that the probability of observing the endogenous variable is as high as possible (i.e. maximize the log likelihood-llf). Estimated parameter values are no different in maximum likelihood estimation than in OLS except that the estimated conditional variance is biased downward in small samples but in asymptotically large sample this bias tends to be zero, i.e., the estimated value of conditional variances converges to its true value [30] . [18] , Kroners and Ng [19] , [33] , Henry and Sharma [34] and Cho and Engle [35] . In E-GARCH model, we use natural log of the conditional variance as the dependent variable and hence leverage effect is exponential and forecast of the conditional variance is always positive and do not require parameter restrictions to impose non-negativity. If the estimated value of γ ≠ 0, then we can conclude the presence of asymmetry effect in the model. This model has also been estimated using maximum likelihood estimation method assuming that errors are normally distributed.
Conditional variance equations (T-GARCH or GJR-GARCH model) 
Conditional variance equations (E-GARCH model) 
A. Return Spillover Analysis
We have used Bayesian VAR to test return spillover effects between commercial banks, NBFIs and insurance companies traded in Dhaka Stock Exchange (DSE) from January, 2009 to January, 2016. From Table V , we can see a highly significant memory effect on commercial banks and insurance companies indicating that commercial bank returns and return from insurance companies are influenced by their own previous performances. NBFIs seem to have no spillover effect on commercial banks consistent with our Granger causality output, but commercial bank returns have highly significant effect on NBFI returns. Highly significant bi-directional return spillover effect has been observed for both bank-insurance pair and insurance-NBFI pair, where yesterday's return has higher spillover effect compared to return form day before yesterday.
B. Volatility Spillover Analysis (GJR-GARCH output)
A highly significant ARCH effect is visible on conditional variance of commercial bank and NBFI series from GJR-GARCH output of Table VI . This indicates that news about volatility from previous period innovations or shocks have contributed significantly in predicting next period conditional variance. Last period forecast variance or historical volatility also has highly significant effect on conditional variance of all return series. Gamma coefficient indicates a highly significant asymmetric news impact on conditional variance of NBFI return series indicating good news (εt-1 > 0) and bad news (εt-1 <0) have differential effect on it. The sum of ARCH and GARCH coefficients (α+β) is very close to one, indicating that volatility shocks are quite persistent or die out very slowly for both commercial bank and NBFI series. Correlogram (autocorrelations and partial autocorrelations) of the squared standardized residual test is used for residual diagnostic to check the specification and identify presence of any remaining ARCH in the variance equation and from Table VI we can see that Ljung-Box Q-stat at lag 12 is not significant for all variance equations and thereby indicating that the variance equations we used successfully modelled all available ARCH effects in return series under study. (12) 4.889 0.019 3.288 ***, ** and * imply significance at 1%, 5%, and 10%, respectively. 2 Ljung-Box Q-stat from correlogram of squared standardized residual test output at lag 12.
Bi-directional volatility spillover in the form of forecasted conditional variance is clear between both bank-NBFI and bank-insurance pair where shock is transmitting both way from NBFIs to bank and bank to NBFIs through latest forecast variance. Volatility transmission from bank to insurance is through latest and last period forecast variance where for insurance to bank, transmission is taking place through lag 1 and lag 2 of conditional variance. Financial
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News about volatility irrespective of good news or bad news creates volatility in stocks and this shock in one stock can be transmitted to other stocks in the same industry and eventually can even be transferred to all stocks in local and international markets The φ and ρ coefficients at Table VI indicate volatility spillover in the form of news impact or squared innovations. A bi-directional volatility spillover in the form of squared disturbances is evident between bank-insurance and NBFI-insurance pair where news about volatility as lag 1 and lag 2 of squared disturbances is transmitting from bank to insurance and only last period squared innovation of insurance series has statistically significant effect on bank. Financial shocks originated from NBFIs in the form of last period news impact or lag 1 squared residuals have statistically significant effect on conditional variance of insurance companies where both lag 1 and lag 2 squared residuals from insurance series is influencing conditional variance forecast of NBFIs. No statistically significant volatility spillover in the form of news about volatility is observed between bank-NBFIs pair. 
C. Volatility Spillover Analysis (EGARCH output)
EGARCH output from Table VII indicates that news about volatility from previous period shocks in the form of ARCH (α) have highly significant effect on next period conditional variance forecast of all series under consideration. Last period forecast variance or historical volatility (β) also has highly significant effect on conditional variance of all return series. A highly significant asymmetric news impact on conditional variance of bank and NBFI return series is clearly evident from γ coefficient and this coefficient is positive for NBFIs which indicates that bad news (ε t-1 <0) increases volatility of NBFIs more than good news. The sum of ARCH and GARCH coefficients (α+β) is more than one, indicating that volatility shocks are quite persistent or die out very slowly for all return series. Ljung-Box Q-stat of squared standardized residual at lag 12 indicates that the variance equations we used successfully modelled all available ARCH effects in all return series under study.
Volatility spillover in the form of news impact or squared innovations is indicated by φ and ρ coefficients in Table VII. A bi-directional volatility spillover, in the form of news about volatility in one stock transmitting to other stock, is clearly evident between bank-insurance, bank-NBFI and NBFI-insurance pair. Current and previous period shocks due to squared innovations are transmitting both ways from bank to NBFI and NBFI to bank. Only fresh news about volatility has highly significant effect on conditional variance of insurance series but fresh along with lag 1 and lag 2 squared innovations have highly statistically significant effect on conditional variance series of commercial bank series. Somewhat similar result has been observed for NBFI-insurance pair where both fresh and previous period news about volatility are transmitted from NBFI to insurance and volatility from fresh news and lag 1 and lag 2 squared innovations has been transmitted from insurance to NBFI series. Only one way volatility spillover in the form of latest forecast variance has been observed from bank to NBFIs and the transmission is bi-directional between both bank-insurance and NBFI-insurance pair. Fresh, lag 1 and lag 2 variance of insurance series have statistically significant effect on conditional variance of bank series where only fresh conditional variance forecast for bank series have significant spillover effect on insurance series. Only fresh conditional variance forecast for NBFI and insurance series have spillover effect on each other. Figs. 3 and 5 indicate that both EGARCH and TGARCH models smooth out volatility except for the abnormal volatility seen in the case of banks and insurance series at the end of 2011. Fig. 4 indicates quite a bit of random fluctuations in the NBFI series and both EGARCH and TGARCH models smooth out volatility except for some unusual volatility around 2009 and 2011.
VI. CONCLUSION
In summary, we have used Bayesian VAR, E-GARCH and GJR-GARCH model to analyze daily returns to examine transmission of volatility in the broad financial sector of the Dhaka Stock Exchange stocks and the results are fairly consistent. We obtained continuously compounded daily returns and had taken the first differences generating stationary series. Bayesian VAR provided strong indication of bidirectional comovement of bank and insurance returns and returns being influenced by contiguous previous performance. Similar relationship was observed between insurance company returns and non-bank financial institution (NBFI) returns. Evidence indicates that bank return volatility spillover influences the NBFI returns, but the reverse is not true.
The GJR-GARCH model, when applied to bank returns and NBFI returns, indicates that volatility forecast from the period preceding periods as well as historical volatility significantly affect the conditional variance in the next period. In addition, the results indicate strong asymmetric news impact on conditional variance of NBFI returns. Clearly, good news effects are significantly different from bad news effects. Data also provide evidence of persistent effect of volatility shocks.
Volatility spillover between bank and NBFI and bank and insurance apparently take the form of forecasted conditional variance. Shock is transmitted bi-directionally through latest forecast variance. In the case of bank versus insurance, volatility transmission takes place through latest and last period forecast variance. In the case of bank versus insurance, however, the transmission medium is lag 1 and lag 2 of conditional variance. There was no evidence of volatility spillover between bank-NBFI pair originating from news. E-GARCH results were very similar and basically confirms the results of GJR-GARCH model. We plan to extend our studies to examine linkage with the world market and also within other sectors of the economy. We know very little about the fundamental structure of the financial markets in Bangladesh and we believe that this work will encourage further work in this area. 
